The contribution of the striatum to category learning was examined by having patients with Parkinson's disease (PD) and matched controls solve categorization problems in which the optimal rule was linear or nonlinear using the perceptual categorization task. Traditional accuracy-based analyses, as well as quantitative model-based analyses were performed. Unlike accuracy-based analyses, the model-based analyses allow one to quantify and separate the effects of categorization rule learning from variability in the trial-by-trial application of the participant's rule. When the categorization rule was linear, PD patients showed no accuracy, categorization rule learning, or rule application variability deficits. Categorization accuracy for the PD patients was associated with their performance on a test believed to be sensitive to frontal lobe functioning. In contrast, when the categorization rule was nonlinear, the PD patients showed accuracy, categorization rule learning, and rule application variability deficits. Furthermore, categorization accuracy was not associated with performance on the test of frontal lobe functioning. Implications for neuropsychological theories of categorization learning are discussed. (JINS, 2001, 7, 710-727.) 
INTRODUCTION
The ability to categorize is a fundamental and important aspect of human cognition, one that is intricately involved in every aspect of our day-to-day functioning . Everyday we make thousands of categorization judgments and are remarkably accurate in most cases. Although much is known about the cognitive processes underlying category learning (Ashby, 1992a; Nosofsky, 1992; Smith & Medin, 1981) , only recently have researchers begun to investigate the possible neural substrates involved in this important cognitive process. Exemplar models of categorization assume that people categorize objects by accessing memory traces (perhaps subconsciously) of exemplars from the relevant categories (e.g., Nosofsky, 1992; Pickering, 1997) . If exemplar theory is correct, people with impaired memory storage or consolidation processes should show deficits in category learning (Pickering, 1997) . Amnesic patients have storage and consolidation problems, and generally have damage to the hippocampus and connected structures (e.g., surrounding medial temporal lobe regions and the diencephalon). Yet a number of studies suggest that amnesics are normal at dot pattern, artificial grammar, and probabilistic classification learning (Filoteo et al., in press; Knowlton et al., 1992 Knowlton et al., , 1994 Kolodny, 1994; Squire & Knowlton, 1995) . These studies indicate strongly that structures other than the medial temporal lobe memory system can support category learning.
It has been suggested that the striatum may play an important role in category learning (Ashby et al., 1998, in press; Ashby & Waldron, 1999; . For example, patients with Parkinson's disease (PD), whose neuropathology results in a decrement in striatal functioning, demonstrate impaired probabilistic classification learning (Knowlton et al., 1996a (Knowlton et al., , 1996b . Furthermore, functional neuroimaging studies with normal individuals suggest that the striatum is activated during a task of probabilistic classification learning (Poldrack et al., 1999) . These observations are also consistent with animal studies that implicate the striatum in certain aspects of category learning (McDonald & White, 1993; Packard & McGaugh, 1992) .
Although these studies suggest that the striatum is involved in category learning, a recent report argues against this position. Specifically, Reber and Squire (1999) found that PD patients were normal in learning to classify dot patterns and artificial grammars. These results contradict the findings of who demonstrated that PD patients were impaired in probabilistic categorization. In an attempt to reconcile these findings, Reber and Squire (1999) suggested that probabilistic classification is different from artificial grammar or dot pattern classification because the participants must learn the cue-outcome relations through trial-by-trial feedback. In artificial grammar and dot pattern classification, on the other hand, individuals are simply exposed to members of a category, and are required to study these items. They are then tested on items that either "fit" or "do not fit" the trained category structure. Reber and Squire argue that the need to learn cue-outcome relations in probabilistic classification requires the neostriatal habit learning system that is impaired in PD. Since dopamine is dramatically reduced in the striatum of patients with PD (Cornford et al., 1995; Kish et al., 1988) , this interpretation would also be consistent with the proposed role of dopamine in reward-based learning mechanisms (Aosaki et al., 1994; Schultz et al., 1998; Wise & Rompre, 1989) .
It is very likely that the need to learn cue-outcome relations in probabilistic classification at least partially accounts for the poor performance of PD patients. Unfortunately, the artificial grammar and dot pattern classification tasks differ from the probabilistic classification task in a number of ways, any of which might fully or partially explain the performance dissociation observed in PD. First, the artificial grammar and dot pattern classification tasks require the learning of only a single category, whereas two categories must be learned in the probabilistic classification task. Second, perfect performance is possible in the artificial grammar and dot pattern classification tasks, whereas perfect performance is not possible in the probabilistic classification task. Third, all three tasks differ in the nature of the stimuli (dot pattern, artificial word, or cards with geometric forms), and the response requirements (point at the center dot, reproduce the artificial word on a piece of paper, choose a category "rain" or "sun"). Finally, the nature of the categorization rule is very different across the three tasks. Dot pattern classification can be solved by prototype extraction (Posner & Keele, 1968) , and the artificial grammar task might involve perceptual priming of letter string chunks . The probabilistic classification task, on the other hand, appears to involve the learning of a complex categorization rule. Thus, the performance dissociation could be due to any one of the following: reliance on habit learning, effects of maximum attainable accuracy, differential stimulus characteristics and task requirements, categorization rule complexity, or any combination of these factors.
The fact that PD patients perform differently in these categorization tasks suggests that there might be more than one categorization system. This possibility is gaining support in the categorization literature (e.g., Ashby et al., 1998, in press; Ashby & Waldron, 1999; Erickson & Kruschke, 1998; Maddox & Estes, 1996; Smith et al., 1998) . This leads to the intriguing possibility that different categorization systems might be mediated by different neural substrates (e.g., Ashby et al., 1998, in press; Smith et al., 1998) . Thus, the striatum might be involved when required to solve certain categorization tasks, but might not be involved when required to solve other types of categorization tasks. Unfortunately, the numerous differences among these tasks make it difficult to determine which aspect(s) of the probabilistic classification task require the striatum, and which aspect(s) of the dot pattern and artificial grammar tasks do not. A rigorous neuropsychological investigation of the role of the striatum in category learning will require the use of a categorization paradigm that allows the researcher to hold constant all of the factors outlined above. The paradigm should be flexible enough that important variables can be manipulated independently, but rigid enough that all other factors can be held constant (see Pickering, 1997 , for a related argument).
This article presents the results from two experiments that used a task (to be described shortly) that meets these requirements. Of the many factors that differ across the dot pattern, artificial grammar, and probabilistic classification tasks, one that received considerable attention in the "normal" categorization literature is the nature and complexity of the optimal categorization rule. A large body of research using college-age individuals suggests that categorization performance is strongly affected by the linearity or complexity of the optimal categorization rule (Ashby & Gott, 1988; Ashby & Maddox, 1990 Maddox & Bohil, 1998 ; see also Brehmer, 1987; Hammond & Summer, 1972; Mellers, 1980 for similar findings from the multiple cue probability learning literature; however, see Medin & Schwanenflugel, 1981) . In general, people solve categorization problems in which the optimal rule is a simple linear rule more quickly than they solve problems in which the optimal rule is a complex nonlinear rule. (By simple and complex, we mean only that the equation that defines the linear rule is simpler mathematically than the equation that defines the nonlinear rule since the nonlinear rule contains squared and cross-product terms that are not present in the linear rule.) In addition, asymptotic performance is generally higher for linear than for nonlinear rules (Ashby & Gott, 1988; Ashby & Maddox, 1990 Nosofsky, 1986) . In addition, in some cases participants are able to describe verbally linear decision rules, but are unable to describe verbally nonlinear categorization rules . Rather, participants appear to go with their "gut" feeling in the latter case.
In light of this fact, our neuropsychological investigation of the role of the striatum in category learning begins with a comparison of simple linear and complex nonlinear optimal categorization rules.
Perceptual Categorization Task
The present study utilized the perceptual categorization task (also called the general recognition randomization technique; Ashby & Gott, 1988) . This task has been used extensively to study category learning in college-age individuals and amnesic patients (e.g., Ashby & Gott, 1988; Ashby & Maddox, 1990 Filoteo et al., 2000; Maddox, 1995; Maddox & Bohil, 1998 , 2000 McKinley & Nosofsky, 1995) . The task has also been used to study attentional processes in the normal elderly and patients with Parkinson's disease (e.g., Filoteo & Maddox, 1999; . In a typical perceptual categorization task, the experimenter specifies two categories of two-dimensional stimuli. The stimuli used in the present study consisted of a vertical and horizontal line connected at the upper left (see Figure 1 ).Aspecific bivariate normal distribution defines each category. On each trial, a category is chosen randomly (in the present study the base-rates were equal), a stimulus is sampled randomly from the appropriate category and is presented to the participant, the participant generates a response, and corrective feedback is provided. Because the categories are normally distributed, a unique experimenter-defined (optimal) categorization rule can be derived (i.e., the rule that maximizes long-run accuracy; e.g., Ashby, 1992a; . The form of the rule is determined by the relationship between the two category distributions and thus, depends on the relationship between the two stimulus attributes. In Experiment 1 we examined a simple categorization rule that was based on a linear relationship between the two stimulus attributes. We chose this categorization rule for two reasons. First, we have used this rule in a previous study that examined attentional processes in PD (to be discussed shortly; . Second, this categorization rule is a prototype rule so it shares some relation to the dot pattern classification task. In a prototype rule, the participant assigns each stimulus to the category with the nearest prototype. With two categories, this prototype rule is equivalent to the use of a linear bound for which all points on the linear bound are equidistant from both prototypes (Ashby, 1992a; . These constraints are satisfied with the categorization rule in Experiment 1. We refer to this as the linear integration (LI) experiment. In Experiment 2 we examined a complex categorization rule that was based on a nonlinear relationship between the two stimulus attributes. We refer to this as the nonlinear integration (NLI) experiment. This is a complex categorization rule so it shares some relation to the probabilistic classification task.
Because the stimuli are two-dimensional they can each be denoted by a point in a two-dimensional space. Figure 2a depicts the distribution of stimuli used in the LI experiment, and Figure 2b depicts the distribution of stimuli used in the NLI experiment. The x-axis represents the length of the horizontal line and the y-axis represents the length of the vertical line. Plus signs in Figure 2 denote Category 1 stimuli and dots denote Category 2 stimuli. In each experiment 50 unique stimuli were sampled from each category for a total of 100 unique stimuli. The solid line in Figure 2a denotes the experimenter-defined (optimal) LI categorization rule, and the solid quadratic curve in Figure 2b denotes the experimenter-defined (optimal) NLI categorization rule.
In the perceptual categorization task the experimenter has a great deal of control over potentially important aspects of the categories. For example, the maximum accuracy rate, the structure of the categories (e.g., the distributions), the number of categories, the number of stimuli sampled from each category, and the shape of the experimenter-defined categorization rule (e.g., linear or nonlinear), to name a few. Importantly, these two experiments are identical in all respects except for the shape of the experimenter-defined categorization rule, whether linear or non-linear. Specifically, both experiments use the same stimulus dimensions (i.e., a horizontal and vertical line; see Figure 1 ), number of unique stimuli (100), optimal accuracy rate (95%), and response requirements (select one of the two categories on each trial). Thus, any observable performance differences must be due to the nature of the experimenter-defined categorization rule. Because both tasks require the participant to learn cue-outcome relations from trial-by-trial feedback, the Reber and Squire (1999) hypothesis predicts that PD patients should be impaired in both experiments. On the other hand, if PD patients are impaired at learning complex categorization rules, but are not impaired with simple rules, then they should be normal in Experiment 1, but show deficits in Experiment 2. Similarly, if PD patients have the ability to extract and use prototypes, they should not be impaired in the LI experiment, but should be impaired in the NLI experiment. More importantly, the impairment observed in the NLI experiment should be due to the use of a prototype rule that is not optimal. The important point is that these hypotheses can be tested rigorously because the tasks differ along only a single critical factor, the nature of the categorization rule.
An additional advantage of the perceptual categorization task is that a number of quantitative models of category learning have been developed for application to data collected in this task (Ashby, 1992a; Filoteo & Maddox, 1999; Filoteo et al., in press; . These models will be described, and applied to the data in the "Model-Based Analysis" section.
EXPERIMENT 1: LINEAR INTEGRATION CATEGORIZATION RULE
Category learning involves many cognitive processes. One process that is of particular importance to the current research is attention. Attentional processes have been studied extensively in PD, and these patients have been found to show deficits in specific aspects of attention, such as selective attention, shifting attention, and maintaining attention (Brown & Marsden, 1990; Filoteo et al., 1994 Filoteo et al., , 1997a Filoteo et al., , 1997b Filoteo et al., , 1997c . In two recent studies, we examined attentional processes in PD using the perceptual categorization task and stimuli like those in the present study (Filoteo & Maddox, 1999; . Most relevant to the current study was a condition in which PD patients were required to integrate information from both stimulus dimensions in order to generate a response. The integration rule was linear as in the current study, and was described to the participants prior to the experiment so that attentional processes could be examined without possible contamination from the need to learn the categorization rule. Importantly, PD patients showed no performance deficits in this condition. Because PD patients were normal at linear integration when told the rule a priori, we decided to begin our investigation of category learning in PD with this same categorization rule. However, unlike the previous study, in Experiment 1 we did not inform the PD patients of the categorization rule prior to the experiment. Rather the patients were required to learn the rule through experience with the category stimuli and trial-by-trial feedback. Thus, any observed deficit in the PD patients in the present experiment could not be attributed to attentional deficits, but to a deficit in category learning. The participants completed six blocks of 100 trials. In each block of trials, 100 unique stimuli were presented once. The use of a large number of unique stimuli should minimize the participants' ability to memorize each stimulus and invoke memory strategies to solve the problem.
METHODS

Research Participants
Nine patients with PD and 5 normal controls (NC) participated in Experiment 1. The patients were diagnosed by a board-certified neurologist based on the presence of at least one of the following symptoms: (1) resting tremor, (2) rigidity, or (3) bradykinesia. Five of the patients had tremor as their predominant symptom, and 4 had rigidity0 bradykinesia. The patients had been diagnosed an average of 7.67 years prior to their participation in this study. At the time of their participation in the study, 8 patients were taking some form of dopaminergic medication, and 1 patient was taking an anticholinergic. Using Hoehn and Yahr's rating scale (1967), 1 patient was in stage I of the disease, 5 patients were in stage II, and 3 were in stage III. Table 1 shows the mean age, years of education, and scores on the Dementia Rating Scale (DRS; Mattis, 1988) for the PD patients and NC participants. All PD patients had scores of 132 or greater on the DRS. Table 2 shows the PD patients' mean standardized scores on the Vocabulary subtest of the Wechsler Adult Intelligence Scale-Revised (Wechsler, 1981) , the Wisconsin Card Sorting Test (WCST; Heaton, 1981) , Trials 1 to 5 from the California Verbal Learning Test (CVLT; Delis et al., 1987) , recognition discriminability index from the CVLT, and the raw score from the Judgment of Line Orientation Test (JLOT; Benton et al., 1978) . As can be seen in this table, the mean scores of these patients on the neuropsychological measures were within normal limits. NC participants were recruited from the community. All participants were screened for a history of neurological disease (other than PD for the patient group), psychiatric illness, and substance abuse. The PD patients did not differ from the NC participants in terms of age ( p . .05), years of education ( p . .05), or their score on the DRS ( p . .05). Based on standard cut-off scores, none of the PD patients were found to have a significant level of depression on either the Geriatric Depression Scale (GDS; Brink et al., 1982) or the Beck Depression Inventory (BDI; Beck, 1978) .
Stimuli and Stimulus Generation
The stimuli consisted of a horizontal and vertical line of varying lengths that were connected at the upper left (see Figure 1 ). Stimuli were black and presented on a white background using a Power Macintosh computer. Two categories were defined by specifying two bivariate normal distributions. The stimuli were generated prior to the experiment. Fifty stimuli were sampled randomly from each of the two categories with the constraint that the sample means, variances, and covariances were similar to the category distribution parameters (see Table 3 ). Six random orderings of the 100 stimuli were generated, and made up the 6 to 100 trial blocks used in the study. Each random sample was composed of an ordered pair (x, y). The x and the y values of the ordered pair were used to determine the lengths of the horizontal and vertical line segments, respectively. The parameters of the two category distributions are displayed in Table 3 . The optimal classifier (i.e., the hypothetical device that maximizes categorization accuracy; Green & Swets, 1967) would use the solid line categorization rule in Figure 2a .
Experimental Procedure
Six hundred trials were presented and were broken down into six blocks of 100 trials. At the start of the experiment, the participant was told that they were involved in a study that examined their ability to categorize simple stimuli. Participants were told that a series of stimuli would be presented and that they would be asked to classify each as a member of either Category 1 or Category 2. They were also told that at the beginning of the experiment they may feel as though they were guessing, but as the experiment progressed, their accuracy would likely increase. Participants indicated their categorization responses by pressing one key for Category 1 stimuli and another key for Category 2 stimuli. At the start of each trial, a fixation point was displayed for 1 s and then the stimulus appeared. Following the par- (Wechsler, 1981) . Standardized score is a T score based on the normative data from Heaton et al. (1991) . 2 One patient was not administered the Vocabulary test in Experiment 1, so this score is based on 9 participants. 3 Total errors from the Wisconsin Card Sorting Test (Heaton, 1981) . Standardized score is a T score based on the normative data from Heaton et al. (1993) . 4 California Verbal Learning Test (Delis et al., 1987) . Standardized score is a T score based on the CVLT standardization sample (Delis et al., 1987) . 5 Standardized score is a z score based on the CVLT standardization sample (Delis et al., 1987) . 6 Judgment of Line Orientation Test (Benton et al., 1978) . These are raw scores out of a total of 30 possible points.
ticipant's categorization response, the number of the correct category was presented on the screen for 1 s along with the word "wrong" if their response was incorrect or "right" if their response was correct. Once feedback was given, the next trial was initiated. Participants were provided with their cumulative accuracy scores after every 25 trials.
RESULTS AND DISCUSSION
We start by examining early learning in the PD patients and controls. The averaged accuracy rates (i.e., proportion correct) for the nine PD patients and five NC participants for the first 100 trials are presented by 10 trial blocks in Figure 3a. 1 T tests were conducted to determine whether the PD and NC participants were performing at or above chance levels. For both the PD and NC participants' performance was at chance during the first 10-trial block, and was above chance ( p , .05) during Blocks 4 to 10 (the PD participants were significantly above chance during Blocks 2 and 3, whereas the NC participants were not). A 2 3 10 mixed design ANOVA was conducted on these data that yielded a significant main effect of block @F~9,108! 5 11.67, p , .001], a nonsignificant main effect of participant group @F~1,12! 5 .01, p . .05], and a significant participant Group 3 Block interaction @F~9,108! 5 1.97, p 5 .05]. Two separate one-way ANOVAs indicated that both the PD patients @F~9,72! 5 10.13!, p , .001] and NC participants @F~9,36! 5 4.12, p , .01] displayed significant learning across the 100 trial blocks. However, t tests comparing PD and NC performance during each of the ten 10-trial blocks were all nonsignificant ( p . .05). As can be seen in Figure 3a , the Group 3 Block interaction is most likely due to the fact that, as a group, the NC participants performed worse than the PD patients during the first few 10-trial blocks. An examination of each participant's individual data, however, indicated that this poor group performance was due to two NC participants, who quickly improved their performance by the fourth block of trials. Figure 3b displays the averaged accuracy rates of the PD patients and the NC participants for the entire 600 trials in 100-trial blocks. A 2 3 6 mixed design ANOVA was conducted on the grouped data that yielded a significant main effect of block @F~5,60! 5 8.64, p , .001], a nonsignificant group effect @F~1,12! 5 .44, p . .05], and a nonsignificant Group 3 Block interaction @F~5,60! 5 .87, p . .05]. T tests were conducted to determine whether the PD and NC participants were performing at or above chance levels. For both the PD patients and NC participants, performance was above chance during all six blocks ( p , .05).
Overall, the results of the Experiment 1 indicated that PD patients were not impaired in learning a simple linear categorization rule when they were required to learn from trial-by-trial feedback. The results of this study have implications for the Reber and Squire (1999) hypothesis regarding the nature of striatal contributions to dot pattern, artificial grammar, and probabilistic classification learning. Recall that Reber and Squire (1999) hypothesized that the striatum is important for solving the probabilistic classification task, but is not important for solving the dot pattern and artificial grammar tasks because the former task requires the learning of cue-outcome relations, whereas the latter two tasks do not. As outlined earlier, the tasks used in these studies differ along a number of dimensions other than the need to learn cue-outcome relations making it difficult (if not impossible) to isolate the critical factor that determines striatal involvement. The present study is similar to the probabilistic classification task because it requires the learning of cue-outcome relations. The fact that PD patients performed normally in the present task argues against the Reber and Squire (1999) hypothesis that the striatum plays a general role in cue-outcome learning. At the same time, this study is similar to the dot pattern classification task because the linear categorization rule is the "prototype" rule. Thus, it is possible that PD patients can solve categorization tasks that require the learning of cue-outcome relations if a prototype rule is optimal. In addition, this categorization rule is quite simple, and is verbalizable ("If the horizontal line is longer than the vertical line give one response, else give the other"). Thus, it is also possible that PD patients can solve categorization tasks that require the learning of simple, verbalizable cue-outcome relations. We address these issues in Experiment 2. 1 A correct response resulted when the participant was presented with a Category 1 stimulus and pressed the key marked "1" or was presented with a Category 2 stimulus and pressed the key marked "2." An incorrect response resulted when the participant was presented with a Category 1 stimulus and pressed the key marked "2," or was presented with a category 2 stimulus and pressed the key marked "1." On some trials the participant pressed a key other than the "1" or "2" key. These trials were excluded from all subsequent analyses. This was especially a problem for one patient with severe tremor who pressed a key other than "1" or "2" on 93 trials. The excluded trials were fairly evenly distributed across the 600-trial session, and thus did not undermine our ability to determine category learning for this participant. Only a few trials were excluded for the other participants. 
EXPERIMENT 2: NONLINEAR INTEGRATION CATEGORIZATION RULE
Experiment 2 investigated category learning in PD when the optimal rule was a complex, non-verbalizable, highly nonlinear function of the two stimulus components. All other aspects of the experiment were identical to those in Experiment 1. Specifically, both studies used the same stimulus dimensions, optimal accuracy rate, number of unique stimuli, and response requirements. The hypothesis that the striatum plays a general role in cue-outcome learning (Reber & Squire, 1999) , the hypothesis that PD patients can learn verbalizable cue-outcome relations, and the hypothesis that PD patients can learn prototype-based cue-outcome relations all predict that PD patients will show deficits in Experiment 2. However, the nature of the deficit should differ somewhat for different hypotheses. If the striatum plays a general role in cue-outcome learning, then we might expect the PD patients to use a suboptimal rule, perhaps of the same form as the optimal rule (i.e., nonlinear). If PD patients apply prototype rules even when they are nonoptimal, then a simple prototype model should provide a good account of the data. Similarly, if PD patients apply verbalizable rules, then a verbalizable categorization rule should provide a good account of the data. It should also be noted that we recently examined 2 amnesic patients using this nonlinear rule and found that these patients were normal in learning this exact rule (Filoteo et al., in press ). As such, it appears that those memory systems involved in declarative memory may not be required to learn this nonlinear rule.
METHODS
Research Participants
Ten new patients with PD and 5 new NCs participated in Experiment 2. The patients were diagnosed by a boardcertified neurologist based on the presence of at least one of the following symptoms: (1) resting tremor, (2) rigidity, or (3) bradykinesia. Five of the patients had tremor as their predominant symptom and 4 had rigidity0bradykinesia. The patients had been diagnosed an average of 7.00 years prior to their participation in this study. At the time of their participation in the study, all patients were taking some form of dopaminergic medication and 4 patients were taking an anticholinergic. Using Hoehn and Yahr's rating scale, 1 patient was in stage I of the disease, 8 patients were in stage II, and 1 patient was in stage III. Table 1 shows the mean age, years of education, and scores on the DRS (Mattis, 1988) for the PD patients and NC participants. All PD patients had scores of 132 or greater on the DRS. Table 2 shows the PD patients' standardized scores on the Vocabulary subtest of the Wechsler Adult Intelligence ScaleRevised, the WCST, Trials 1 to 5 from the CVLT, recognition discriminability index from the CVLT, and the raw scores from the JLOT. All participants were screened for a history of neurological disease (other than PD for the patient group), psychiatric illness, and substance abuse. Thus, any differences between the results of Experiment 1 and 2 could not likely be due to differences in the two PD groups.
Stimuli and Stimulus Generation
The stimuli and stimulus generation procedure were the same as in Experiment 1. The parameters of the two category distributions are displayed in Table 2 . The optimal classifier (i.e., the hypothetical device that maximizes categorization accuracy; Green & Swets, 1967) would use the solid curve categorization rule in Figure 2b .
Experimental Procedure
The experimental procedure was the same as in Experiment 1.
RESULTS AND DISCUSSION
As in Experiment 1, we first examined early learning in the PD patients and controls. The averaged accuracy rates (i.e., proportion correct) for the 10 PD patients and 5 NC participants for the first 100 trials are presented by 10-trial blocks in Figure 4a . For the PD patients, performance was at chance The participant group effect indicates that the PD patients were less accurate than the NC participants. The block effect suggests that both groups' performances improved over blocks, but the nonsignificant interaction indicates that there was no difference in learning rate across the two participant groups. Figure 4b displays the averaged accuracy rates of the PD patients and the NC participants for the entire 600 trials in 100-trial blocks. A 2 3 6 mixed design ANOVA was conducted on these data. There was a significant main effect of participant group @F~1,13! 5 10.95, p , .01], a significant main effect of block @F~5,65! 5 9.16, p , .001], and a nonsignificant participant Group 3 Block interaction @F~5,65! 5 1.11, p . .05]. In line with the results for the first 100 trials, these analyses suggest that (1) the PD patients were less accurate than the NC participants, (2) the performance of both groups improved over blocks, but (3) there was no difference in learning rates between the two participant groups. In addition, performance in both participant groups was above chance in all blocks of trials ( p , .05). Taken together, the results suggest that the PD patients were able to learn the complex nonlinear categorization rule, as evidenced by the above chance performance, but showed a consistent performance deficit. It is worth mentioning briefly that this is a very different learning profile from that observed for the LI categorization rule (compare Figure 3 with Figure 4 ). In the current NLI condition the PD patients' accuracy was 65% at the end of the first block of 100 trials, and gradually improved to 79% by the sixth block of 100 trials. In the LI condition, on the other hand, the PD patients started out at 80% and improved to 88%, even though optimal accuracy was identical in the two experiments. We will elaborate upon the differential impact of PD on performance in these two categorization conditions in the General Discussion.
In this experiment, PD patients showed deficits in categorization rule learning when the experimenter-defined categorization rule was nonlinear. One possibility, suggested by the results from Experiment 1, is that PD patients are constrained to use prototype rules. Although an infinite number of prototype rules exist, it is straightforward to determine the "best" prototype rule, and to compute the accuracy rate predicted by this rule . In the present study, the best prototype rule predicts an accuracy rate of 60%. Notice that even during the first block of 100 trials, the PD patients were at 65%, thus rejecting the prototype rule as a viable model for PD patients' performance in this condition. A second possibility, also suggested by the results from Experiment 1, is that PD patients are constrained to use verbal rules. A number of simple verbal rules are possible in the present context. For example, one might compare the lengths of the two lines, and give one response if the horizontal line is longer than the vertical line. This was the case in Experiment 1. Similarly, one might compute the sum of the two line lengths and give one response if the sum is "short," and another response if the sum is "long." Finally, one might set a criterion along one of the stimulus dimensions, say horizontal length, and give one response for "short" horizontal lines, and another response for "long" horizontal lines. In the present context, the "best" simple verbal rule is also the prototype rule, and thus predicts 60% accuracy, which is well below that obtained by the PD patients. More complex verbal rules are also possible, but a detailed examination of these is beyond the scope of this article. One of the more reasonable is outlined and tested in the Appendix. A third possibility is that the PD patients used a nonlinear rule, but one that was suboptimal. This possibility is explored in detail in the modelbased analyses section.
MODEL-BASED ANALYSES
A number of quantitative models of category learning have been developed for application to data collected in the perceptual categorization task (for details see Ashby, 1992a; Filoteo & Maddox, 1999; Filoteo et al., in press; . Application of these models allows one to better (albeit not perfectly) tease apart the separate effects of various cognitive processes on performance that cannot be differentiated based solely on categorization accuracy measures. Two processes are of interest in the current study: categorization rule learning, and rule application variability. To investigate each participant's categorization rule learning, and to quantify any deficiency in learning the correct categorization rule, we applied a model that assumed that the participant used the experimenter-defined (optimal) rule. As a measure of categorization rule learning, we examined the goodness-of-fit measure (2ln L; negative log likelihood). The smaller the fit, the better the rule describes the data. Next we applied a model that assumed that the participant used a categorization rule of the same form as the optimal rule (i.e., a linear rule in Experiment 1, and a nonlinear, quadratic rule in Experiment 2), but one that was suboptimal.
2 Trial-by-trial variability in the application of each participant's categorization rule (i.e., rule application variability) was measured by estimating a parameter in the 2 The suboptimal nonlinear categorization rule took the form ax 2 1 by 2 1 cxy 1 dx 1 ey 1 f, where a 2 f denote the coefficients of the quadratic function, and x and y denote the horizontal and vertical line lengths, respectively. The suboptimal linear categorization rule took the same for except that the coefficients, a 2 c were fixed at zero. When applying the model to the data, the appropriate coefficients were left as free parameters. model called the rule application variability parameter (Ashby, 1992a) . 3 The smaller the magnitude of the rule application variability the less variable the participant's trial-bytrial application of the rule.
Experiment 1 -Linear Categorization Rule
Categorization rule learning
Because the PD patients were not impaired relative to NC participants based on accuracy measures, we expected no group difference in categorization rule learning. In support of this expectation, a 2 3 6 mixed design ANOVA on the goodness-of-fit index yielded a nonsignificant main effect of participant group @F~1,12! 5 .48, p . .05], and a nonsignificant participant Group 3 Block interaction @F~5,60! 5 1.97, p . .05]. A significant main effect of block was observed @F~5,60! 5 16.42, p , .001], suggesting that rule learning improved with experience for both the PD patients and the NC participants, and that the rate of learning was approximately equal for both participant groups.
Rule application variability
No group difference was also expected for the rule application variability estimates. In support of this expectation, a 2 3 6 mixed design ANOVA on the rule application variability index yielded a nonsignificant main effect of participant group @F~1,12! 5 .86, p . .05], a nonsignificant main effect of block @F~5,60! 5 .41, p . .05], and a nonsignificant participant Group 3 Block interaction @F~5,60! 5 .60, p . .05]. Interestingly, the block effect was nonsignificant suggesting that the increase in accuracy over blocks was due to improved categorization rule learning, and not to a decrease in the trial-by-trial variability associated with applying that rule.
Experiment 2 -Nonlinear Categorization Rule
Recall that the PD patients were impaired relative to NC participants in Experiment 2 based on accuracy measures. To determine the locus of this performance deficit, we examined the categorization rule learning and rule application variability indices using ANOVA. Figure 5a displays the averaged goodness-of-fit for the PD patients and the NC participants for the entire 600 trials in 100-trial blocks. Figure 5b displays the averaged rule application variability estimates for the PD patients and the NC participants for the entire 600 trials in 100-trial blocks.
Categorization rule learning
To examine categorization rule learning, a 2 3 6 mixed design ANOVA was conducted on the goodness-of-fit index. There was a significant main effect of participant group @F~1,13!516.06, p , .01], a significant main effect of block @F~5,65! 5 7.47, p , .001], and a nonsignificant participant Group 3 Block interaction @F~5,65! 5 .59, p . .05]. These results suggest that the rule used by each participant group became more like the experimenter-defined categorization rule across blocks, but that the rule used by the PD patients was consistently less optimal than the categorization rule used by the NC participants. Taken together, these analyses suggest that PD patients show deficient rule learning when required to learn a nonlinear categorization rule.
Rule application variability
To examine rule application variability, a 2 3 6 mixed design ANOVA was conducted on the rule application variability estimate. There was a significant main effect of participant group @F~1,13! 5 7.582, p , .05], a nonsignificant main effect of block @F~5,65! 5 1.76, p . .05], and a nonsignificant participant Group 3 Block interaction @F~5,65! 5 1.04, p . .05]. These results suggest that PD patients showed more trial-by-trial variability in the application of their categorization rule than the NC participants. Interestingly, the block effect was nonsignificant. This is most likely due to the large standard error associated with the data, when collapsed across participant groups (see Figure 5b) . One-way ANOVAs conducted separately for each participant group yielded a main effect of block for both the PD patients @F~5,45! 5 2.85, p , .05], and the NC participants @F~5,20! 5 3.19, p , .05], suggesting that the magnitude of rule application variability decreased with learning.
Relationship Between Quantitative Model Indices and Accuracy Performance
To determine whether categorization rule learning or rule application variability were associated with PD patients' accuracy performance in the nonlinear condition, we correlated patients' goodness-of-fit values and their rule application variability estimates with their accuracy performance for the last block of 100 trials. We chose the last block of trials because (1) the data from the last block is most stable, and (2) we wanted to examine these associations at the end-point of learning. Pearson correlations indicated that both indices were significantly associated with accuracy performance (goodness-of-fit, r 5 2.79, p , .01; rule application variability estimate, r 5 2.85, p , .01), and the direction of these correlations indicated that the larger the goodness-of-fit values and rule application variability esti-mates, the poorer the patients' accuracy. One potential problem with these correlations, however, is that increases in rule application variability can lead to increases in the goodness-of-fit (i.e., these indices can sometimes be correlated). Thus, when the rule application variability estimates do not differ across participant groups, the goodness-of-fit measure provides a true estimate of categorization rule learning. This was the case for the linear categorization rule data. However, when the rule application variability estimates are larger for the PD patients, this will lead to larger goodness-of-fit values, and thus provides a biased estimate of categorization rule learning. This was the case for PD patients' nonlinear data. To alleviate this problem, we conducted a multiple regression where PD patients' goodnessof-fit values and rule application variability estimates served as independent variables and their accuracy scores in the last block of 100 trials served as the dependent variable. This approach enabled us to examine the unique contributions of the quantitative model indices to patients' accuracy performance while taking into account any possible tradeoffs between these two indices. The results of the regression were significant [R 5 .96; F~1,2! 5 39.4, p , .001], and the contributions of both model indices in predicting accuracy were significant (both indices, p , .01). Thus, even when taking into account the shared variance between the two model indices, poorer accuracy in the nonlinear condition was still associated both with categorization rule learning and rule application variability.
Neuropsychological Correlates of Categorization Performance
To determine if PD patients' categorization abilities were associated with their neuropsychological performances, we correlated patients' overall accuracy in the linear and nonlinear conditions with their scores on the following measures: (1) total number of errors on the WCST, (2) total number of words recalled on Trials 1 to 5 of the CVLT, (3) recognition discriminability score of the CVLT, and (4) total score from the JLOT. Although the PD patients did not differ from the NC participants in Experiment 1, it was still of interest to examine the possible relationship between performance in learning a linear rule and the above mentioned neuropsychological measures. This is especially the case given that studies with normal individuals have demonstrated that different brain regions are activated on these measures (e.g., the WCST activates frontal regions in normals; cf. Berman et al., 1995) . Although such analyses will obviously not allow us to state how an impairment in linear categorization rule learning relates to the cognitive areas measured by the neuropsychological tests (given that PD patients were not impaired in Experiment 1), they could offer some clues about the underlying cognitive operations involved in these tasks.
The results of these correlations indicated that PD patients' overall accuracy in the linear condition was associated with number of errors on the WCST (r 5 2.99, p , .001), but not with performance on either of the CVLT indices (total score, r 5 .17; discriminability, r 5 .44) or the JLOT (r 5 .00). The significant negative correlation between accuracy and WCST performance indicated that those PD patients with better accuracy also had a lower number of errors on the WCST. In the nonlinear condition, PD patients' overall accuracy was not associated with performance on the WCST (r 5 2.41), total score on the CVLT (r 5 .33), recognition discriminability score on the CVLT (r 5 .36), or score on the JLOT (r 5 .42).
GENERAL DISCUSSION
The results of this study indicated that when the categorization decision rule was a simple linear rule, the PD patients showed no performance deficit relative to the controls. Specifically, the PD patients showed no accuracy, categorization rule learning, or rule application variability deficits. In addition, PD patients' categorization performance was reliably associated with performance on the WCST. When the categorization rule was a complex nonlinear rule, a very different pattern of results emerged. First, PD patients were impaired relative to the control group in terms of accuracy. Second, the results from the model-based analyses suggested that the cause of PD patients' accuracy deficits was due to impairments in both categorization rule learning and rule application consistency. Third, correlation and regression analyses confirmed that both categorization learning deficits and rule application variability contributed to PD patients' impairment. Fourth, PD patients' categorization performance was not reliably associated with performance on the WCST. We now discuss the implications of these results.
Striatal versus Frontal Contributions to Category Learning
The major finding of the present study was that nondemented PD patients were not impaired in learning a simple linear rule, whereas a second matched group of nondemented PD patients were impaired in learning a nonlinear categorization rule. These results have several implications for the neurobiological bases of categorization learning. 4 Specifically, because PD results in the dysfunction of the striatum secondary to a decrease in the neurotransmitter dopamine (Cornford et al., 1995; Kish et al., 1988) , the deficits of the PD patients in the present study indicate that the striatum plays an important role in learning nonlinear categorization learning, whereas this brain region may not play a crucial role in the learning of linear rules. This finding is consistent with past studies that have implicated the striatum in the performance of certain categorization tasks. For example, Knowlton and colleagues (Knowlton et al., 1996a (Knowlton et al., , 1996b demonstrated that patients either with PD or Huntington's disease (HD; a disease that results in substantial atrophy of the caudate) are impaired in learning a probabilistic categorization task. Using functional Magnetic Resonance Imagining (f MRI), Poldrack et al. (1999) demonstrated that the striatum was significantly activated in normal individuals during the same probabilistic classification task relative to a motor-based control task.
In addition to striatal involvement, there was also some indication from the current study that the frontal lobes may be involved in certain types of categorization learning. Although the PD patients were not impaired in the linear condition, there was evidence that the frontal lobes may play an important role in learning linear categorization rules. Specifically, the finding that PD patients' performance on the WCST was associated with their performance in the linear experiment suggests, to some extent, that the frontal lobes may be involved in the learning of linear categorization rules (see Smith et al., 1998 who present neuroimaging data that support this claim). The WCST has long been thought to be a measure of the integrity of the frontal lobes (Milner, 1963) , although this issue is somewhat controversial (Anderson et al., 1991) . Nevertheless, the finding of a significant correlation between performances on the WCST and the linear condition suggests that the two tasks may require similar cognitive processes. Further, the lack of an association between PD patients' nonlinear performance and their WCST performance also suggests that the learning of linear and nonlinear categorization rules are mediated by different neurocognitive processes. Overall, these results suggest that the striatum may play an important role in learning complex nonlinear categorization rules. Whether the frontal lobes are directly involved in the learning of simple linear categorization rules remains to be seen.
Implications for a Neuropsychological Theory of Category Learning
The dissociation between the linear and nonlinear categorization rules in PD patients is supported by a recent theory of category learning put forward by Ashby and colleagues (Ashby et al., , 1999a (Ashby et al., , 1999b . This theory, called competition between verbal and implicit system (COVIS), posits that two separate systems are involved in learning categorization rules. The explicit (verbal) system is believed to use a hypothesis testing approach and is under the direct control of conscious processes. The implicit system of COVIS, on the other hand, is said to be a proceduralbased system that relies on motor-based skill learning and is outside the control of conscious thought. Although the explicit and implicit systems are mediated by overlapping brain regions, COVIS argues that certain regions are primarily responsible for one or the other system. Specifically, the connections between cingulate gyrus, prefrontal cortex, and the head of the caudate nucleus are believed to be responsible for the explicit system, whereas the striatum (especially the tail of the caudate nucleus) is primarily responsible for the implicit system. The linear categorization rule in Experiment 1 is verbalizable and thus explicit ("If the horizontal line is longer than the vertical line the stimulus belongs to Category 1; otherwise the stimulus belongs to Category 2"). Therefore, this type of rule would likely be learned through the explicit system of COVIS. In contrast, the rule in Experiment 2 is not as easily verbalized, and therefore, would likely be mediated by the implicit system detailed in COVIS.
COVIS predicts that PD patients would be impaired in learning implicit rules, but only the most impaired PD patients would show deficits for explicit rules. The results of the present study support this prediction. Because the striatum is believed to be the primary structure affected in PD, and such dysfunction occurs early in the course of the disease, we might expect all patients to be impaired in learning complex nonlinear categorization rules that are difficult to verbalize. In contrast, the learning of linear rules that are easily verbalized might only be impaired in those patients who have had more widespread involvement of other brain regions, such as the frontal lobes, whereas patients whose dysfunction is confined to the striatum may not show deficits in learning such rules. Given that our PD patients were nondemented and as a group performed within normal limits on the neuropsychological tests, it is likely that damage was confined to the striatum. Thus, the results of our study are consistent with COVIS.
Interestingly, the implicit-explicit distinction proposed by COVIS is in line with the declarative-nondeclarative distinction proposed in the memory literature (Squire, 1992 in the sense that both emphasize the verbalizability of what has been learned. Whether these two distinctions are one in the same remains to be seen and future work is needed to determine this possibility. Another important endeavor for future research will be to examine the specific neurocognitive mechanisms that the striatum plays in learning complex nonlinear categorization rules. Several possibilities exist, including that decreased levels of dopamine in PD results in a deficit in a reinforcement-based learning system (see Aosaki et al., 1994; Schultz et al., 1998; Wise & Rompre, 1989) , and it is this system that is involved in learning nonlinear categorization rules. Another related possibility is that nonlinear categorization learning is dependent on stimulus-response (S-R) learning (regardless of reinforcement contingencies), a process that is believed to be mediated by the striatum (McDonald & White, 1993; Packard et al., 1989; Packard & McGaugh, 1992) . As such, dysfunction within the striatum in PD patients could impair the ability to establish the S-R relationship. This possibility is supported by previous research that has identified a general deficit in associative learning in PD patients (Gotham et al., 1988; Sprengelmeyer et al., 1995) . Finally, it is unknown whether the striatum is involved in nonlinear rule learning per se, or the learning of such rules falls under a broader class of implicit processing. This issue is currently unresolved and we feel it is somewhat premature to attempt to answer such a question. Future work in this area, however, should help clarify this important issue.
Relevance to Other Quantitative and Biological Models of Category Learning
In a recent study, Knowlton et al. (1994) examined probabilistic classification learning in a group of amnesic patients. The task required participants to classify 14 stimuli into one of two categories. Knowlton et al. (1994) found normal performance early in learning (during the first 50 trials) but found deficits in performance later in learning. They referred to this as a "late-training deficit." Knowlton and Squire (1993) suggested that this late-training deficit resulted because normal controls used conscious memory for the relatively small number (14) of stimuli that arose from multiple stimulus presentations, whereas the amnesic patients were unable to use such information. Gluck et al. (1996) offered an explanation based on their corticohippocampal model. Gluck et al. (1996) suggested that the hippocampus induces new stimulus-stimulus representations that emerge from multiple stimulus presentations. As these stimulus-stimulus representations develop, performance improves. Amnesic patients with damage to the hippocampus cannot develop these stimulus-stimulus representations and therefore are unable to make use of the multiple stimulus presentations. Thus, the hippocampus can improve categorization performance under certain conditions, but is not required for normal category learning. examined probabilistic classification learning with the same 14 stimuli in a group of PD patients. Whereas amnesics showed normal early-training performance, and a late-training deficit, PD patients showed an early-training deficit, but were normal late in training. Using Knowlton and Squire's (1993) explanation of the amnesia data, one would expect to find an early training deficit in PD patients because their striatum is damaged, but perhaps normal performance later in learning when the explicit memory for the frequently presented stimuli is available. This is exactly the pattern of results observed by . Poldrack et al.'s (1999) f MRI study provides additional support for this hypothesis because they found significant striatal activation during category learning, and an increase in medial temporal lobe activation as training progressed. Filoteo et al. (in press ) examined category learning in a study similar in spirit to the probabilistic classification task, but using a large number of unique stimuli, as opposed to only 14 in the probabilistic classification task. In fact, the Filoteo et al. experiment used the same stimuli and category structures that were used in Experiment 2 of the current study. By using a large number of unique stimuli, Filoteo et al. minimized the possibility that conscious memory for multiple stimulus presentations might affect performance (as suggested by , and the influence of stimulus-stimulus representations that emerge from multiple stimulus presentations (as suggested by Gluck et al., 1996) . Because explicit memory should have little effect on performance in this case, and because the striatum is intact in amnesics, the Knowlton and Squire hypothesis predicts normal performance across training. Across 600 trials of training an amnesic patient with bilateral hippocampal damage showed normal categorization performance. Similarly, because the striatum is damaged in PD, the Knowlton and Squire hypothesis predicts performance deficits in the current Experiment 2, which were observed. Taken together, these studies argue against a critical role of the hippocampus in category learning. Even so, it does seem likely that for certain categorization problems, in particular those with only a small number of unique stimuli and multiple stimulus presentations, an intact hippocampus can lead to improved categorization performance. One issue that seems clear from this discussion is that tasks that use a small number of frequently presented stimuli may not provide the best testing ground for neuropsychological theories of category learning. A better approach is to present a large number of unique stimuli so that conscious memory processes cannot be invoked to improve categorization performance.
As stated earlier, neither the Knowlton and Squire (1993) or the Gluck et al. (1996) approach argues that an intact hippocampus is required for normal category learning, only that an intact hippocampus can lead to improved categorization performance with sufficient training and multiple stimulus presentations. Thus, both of these approaches along with other approaches offered in the literature Erickson & Kruschke, 1998; Estes, 1994; Maddox & Estes, 1996; Smith et al., 1998) acknowledge the influence of multiple systems in category learning. A different approach is offered by Nosofsky and Zaki (1998) . Nosofsky and Zaki suggest that a single-system exemplar model can account for the dissociation observed between amnesic patients and PD patients on the probabilistic classification task. Specifically, Nosofsky and Zaki suggest that the latetraining deficit in amnesic patients might result from low memory sensitivity, a process that enables participants to discriminate items in memory. Filoteo et al. (in press) examined the "memory sensitivity" hypothesis in their amnesic data by generating predictions from the exemplar model outlined by Nosofsky and Zaki (1998; Study 2) for different "memory sensitivity" values. Filoteo et al. found that the lower memory sensitivity parameter led to a nearly constant decrease in predicted accuracy across all six 100-trial blocks. In other words, it simply lowered the learning curve but left the shape of the learning curve intact. This pattern was not observed by Filoteo et al. thus rejecting the "memory sensitivity" hypothesis put forth by Nosofsky and Zaki (1998) . Besides an inability to account for the findings of Filoteo et al. (in press) , there is perhaps a more fundamental flaw with Nosofsky and Zaki's (1998) memory sensitivity hypothesis of amnesia. If amnesics have poor memory sensitivity, as suggested by Nosofsky and Zaki (1998) , then medial temporal lobe amnesia should lead to poor recall for all exemplars, regardless of whether that information was learned recently or in the distant past. In other words, retrograde and anterograde amnesia should be equally frequent and equally severe following damage to the medial temporal lobe memory system (Ashby & Waldron, 1999 ), yet the data strongly suggest that anterograde amnesia is more frequent and generally more severe than retrograde amnesia in these patients, and the retrograde amnesia shows a temporal gradient of severity (Zola, 1997) . Although it might be possible for the memory sensitivity hypothesis to account for temporally graded retrograde amnesia, and more severe anterograde than retrograde amnesia, a number of additional assumptions would be required. Nosofsky and Zaki (1998) also speculated that the pattern of PD patients' performance on the probabilistic categorization task could be explained within a single-system exemplar model by assuming that the PD patients were more likely to use a probabilistic response strategy as opposed to a deterministic response strategy. This probabilistic-deterministic response strategy distinction was modeled with the responsescaling parameter proposed by Ashby and Maddox (1993) . By lowering the response-scaling parameter, Nosofsky and Zaki were able to simulate impaired early-training performance and normal late-training performance in PD patients. We examined the "sub-optimal response-scaling" hypothesis in the current data by generating predictions from the model for different response-scaling values. Interestingly, the use of a suboptimal response-scaling parameter had the same effect on the learning curves as the lowered memory sensitivity parameter. Specifically, it led to a decrease in predicted accuracy across all 600 trials but left the shape of the learning curve intact. (This result suggests that the memory sensitivity and response-scaling parameters may not represent different psychological processes when applied to the current task; Maddox, 1999.) This pattern was observed for the PD patients in the nonlinear experiment, but was not observed for the PD patients in the linear experiment. Thus, it appears that the situation is more complex than that envi-sioned by Nosofsky and Zaki (1998) , and that more complex theorizing is necessary to support a single-system account of the extant literature on category learning in amnesia and PD.
It is important to be clear that we are not claiming that Nosofsky and Zaki's (1998) exemplar model cannot fit quantitatively the data of Filoteo et al. (in press) or the current data. On the contrary, exemplar models are extremely good at fitting quantitatively a given set of data (e.g., Maddox, 1999) . It is very likely that some set of parameter values exists that can mimic the results from Experiment 1, and that another set of parameter values exists that can mimic the results from Experiment 2, and that a third set of parameter values exist that can mimic the results from Filoteo et al. (in press ). Nosofsky and Zaki's (1998) exemplar model is very flexible, and can mimic a wide range of performance profiles (Ashby & AlfonsoReese, 1995) . Unfortunately, the amnesic data of Filoteo et al. (in press) and the data from the current experiment with PD patients provide evidence against Nosofsky and Zaki's single-system approach, and at this point appear more consistent with a multiple-systems account. Clearly more work is needed to determine which of the multiple-systems approaches is superior, and to determine the specific biological underpinning of each system.
Conclusions
A complete understanding of the neural substrates of category learning must take into account the fact that there are multiple categorization systems, and that these different systems are likely mediated by different brain systems. The current study implicates the striatum in the learning of complex nonlinear categorization rules, and it does not appear that this structure is involved in learning simple linear categorization rules.
( p , .05). For the controls, the GBL provided a significant improvement in fit in 19 of 30 cases ( p 5 .10). Collapsed across participant groups, the GBL provided a significant improvement in fit in 60 of 90 cases ( p , .01). We would have preferred to compare the EBL with the suboptimal nonlinear rule more directly but the fact that these strategies make nearly identical predictions precluded this comparison. Even so, the fact that a general bilinear model outperformed the equal line length model provides some evidence against the notion that participants used a simple rule that was based on responding one way if the lines were approximately equal in length and another way if the two lines were different in length. These results suggest that the PD patients used a nonlinear rule when solving the categorization problem, albeit not as efficiently as the controls.
